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ABSTRACT Recent researchers have discovered microtremor applications for evaluating the liquefaction potential.
Microtremor measurement is a fast, applicable and cost-effective method with extensive applications. In the present
research the liquefaction potential has been reviewed by utilization of microtremor measurement results in Babol city. For
this purpose microtremor measurements were performed at 60 measurement stations and the data were analyzed by suing
Nakmaura’s method. By using the fundamental frequency and amplification factor, the value of vulnerability index (K,)
was calculated and the liquefaction potential has been evaluated. To control the accuracy of this method, its output has
been compared with the results of Seed and Idriss [1] method in 30 excavated boreholes within the study area. Also, the
results obtained by the artificial neural network (ANN) were compared with microtremor measurement. Regarding the
results of these three methods, it was concluded that the threshold value of liquefaction potential is K, = 5. On the basis
of the analysis performed in this research it is concluded that microtremors have the capability of assessing the

liquefaction potential with desirable accuracy.
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1 Introduction

Earthquake is one of the most devastating natural disasters
which has always threatens human lives and properties.
The most important effects caused by an earthquake are the
liquefaction phenomena. Investigations of failures of soil
masses are subjects touching both geology and engineering
[2].

The release of potential energy in the earth crust due to
slip along an existing fault may produce rapid accelera-
tions and consequently additional internal stresses. The
produced rapid acceleration and the additional internal
stresses may cause the already existing in situ shear stress
along a potential failure plane to increase. Furthermore,
due to the shaking the material may tend to densify, which
may lead to an excess pore pressure in saturated loose soil
and consequently to a reduction of the normal effective
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stresses. Liquefaction of soils is a consequence of the
buildup of large excess pore pressure due to partially
undrained deformation of loose soils, leading to a
relatively small undrained shear strength compared to the
shear strength for drained behavior [3].

On the basis of both the field and the laboratory types of
observations of soil behavior attempts were made to
propose methods to evaluate the liquefaction potential of a
particular soil.

Recently, the H/V technique [4] is becoming more
popular with its data collection facilities and application
allowance in all areas [5—9]. By employing the H/V ratio,
we were able to determine the predominant frequency (Fp)
and the amplification factor (4p) of the site. Nakamura [10]
also proposed the vulnerability index “K, value” as a
means to determine the extent of liquefaction. The present
study mainly aims to show how the microtremor
measurements can play a significant role in a liquefaction
assessment [11].
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Microtremor measurement was undertaken at 60 stations
in the Babol, north of Iran, during 2011 and 2012. The
study was conducted in Babol city for one important
reason: the city is densely populated with critical buildings
and infrastructures and it is built upon the recent, loose,
and therefore, generally liquefaction-prone sediments of
the Babolrood River. With regards Nakamura’s method, H/
V spectral ratios, fundamental frequency and amplification
factor and finally vulnerability index (K,) were calculated
for all microtremor stations.

There are geotechnical boreholes near 30 microtremor
recording stations with suitable data. The Seed and Idriss
[1] method is used to assess the liquefaction potential. This
method proposes using the estimated shear stress level and
cycle number likely to be developed in the field, due to a
design earthquake. Comparison of these stresses with those
causing liquefaction of soil helps in identifying the
liquefiable zones of a deposit.

Furthermore, the artificial neural network (ANN) with
different inputs including soil type, total stress, effective
stress, corrected SPT blow count was trained. Then the
trained ANN predicts the liquefaction potential and the
output results were compared with microtremor results.
The goal of the aim activities includes the assessment of
liquefaction by a new, fast and applicable method in other
stations and preparation of Babol city’s liquefaction map.
Successful prediction of liquefaction in soil deposit using
the existing data leads to improve the reliability of data
which will be used for construction in future [12,13].

2 Seismology and geology of Babol

Unfortunately, Iran’s human communities and material
infrastructure have been developed in disaster prone areas

such as the Babol city. Population in these communities
have been increased, therefore an accurate natural hazard
risk assessment is necessary. Accordingly, study of the risk
of earthquake and estimation of ground motion parameter
and also liquefaction assessment of ground against earth-
quake damage caused by the earthquake in point of view
science of seismology and earthquake engineering and
economic development projects are of great importance.
So it is up to the importance and risk of each project to be
conducted by design or retrofitted in contrast to earthquake
based on the design parameters and appropriate methods
until secure performance is provided.

Babol is located in front of Alborz mountain range
which is tectonically an active region situated between the
Caspian Sea and the Iran platform. The tectonic of Alborz
Mountain is controlled by the boundary condition due to
convergent motion between Arabia and Eurasia, which
probably started in the Cretaceous. The area around Babol
has repeatedly experienced earthquakes. Figure 1 shows
the Location and magnitude of earthquakes, faults and their
mechanism near the Babol. Also, Table 1 shows the length,
mechanism and distance to study area of available faults
over a radius of 200 km around Babol city.

Depending on the lithological variations through 30
boring logs in the city of Babol, the subsurface soil column
at Babol city can be classified and is composed of the 5
following profileds:

1) Extremely loose to loose fine to medium sand
deposits from the surface to 15m depth with a very
shallow groundwater table (less than 1 m).

2) Thin top layer of clay (3—5 m with SPT-N values from
15 to 20) underlain by thick layer of very loose to loose
fine sand with some gravel (8—12m with SPT-N values
between 15 and 10) below the ground level.

3) Thick top layer of clay (8—15 m with SPT-N values

Table 1 The properties of available faults around the study area

fault name distance to study area (km) fault length (km) fault mechanism
Firooz Abad 85 112 thrust fault
Alborz 44 300 thrust fault
Khazar 16 550 thrust fault
Attari 91 85 thrust fault
Astane 93 75 thrust fault
Garmsar 136 70 thrust fault
Kandovan 100 64 thrust fault
Masha 91 400 thrust fault
North of Tehran 115 108 thrust fault
Ivanaki 143 75 thrust fault
Firoozkooh 84 40 thrust fault
Basham 96 71 thrust fault
Ourim 72 44 thrust fault
Damghan 136 100 thrust fault
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Fig. 1 Location and magnitude of earthquakes, Faults and their mechanism near the Babol

from 10 to 15) underlain by thin layer of loose fine sand
with some gravel (3—6 m with SPT-N values between 15
and 20) below the ground level.

4) Thick layer of clay (20—30 m with SPT-N values from
20 to 25).

5) Thick layer of sand (15-20 m with SPT-N values from
15 to 25).

The city is located on the east bank of the river
Babolrood and receives abundant annual rainfall [12]. The
average depth of ground water in this region is 2.4 m.
Based on the water level data in the geotechnical boreholes
and also the seismic data inside the boreholes, the map for
ground water level was prepared for babol city. Figure 2
shows the ground water distribution in Babol city.

Finally we can say this region consists of soft deposits
and also located in a high seismic region. This fact shows it
necessitates the assessment of liquefaction potential.

3 Methodology

Ambient seismic noise or microtremors are feeble ground
motions with displacement amplitudes of about 0.1-1 um
and that can be detected by seismograph with high
magnification [13—-15]. Many investigations have been
conducted to determine the nature of microtremors. One of
the possible sources of microtremors can be human
activity, such as traffic, industrial noises and nature
activity, such as wind, ocean waves [15].

Previous studies related to the analysis of microtremor
data and other example use of H/V ratios includes the
evaluation of site effect [4,5,16], estimation of the depth of

the seismic bedrock and engineering bedrock (e.g., [17]),
evaluation of transfer functions (e.g., [18]), investigation
of the response characteristics and assessment of the
vulnerability of surface ground and structures (e.g., [19])
and seismic microzonation (e.g., [20]). Recently, to assess
potential hazards associated with ground failure or
liquefaction, the vulnerability index (or K, value) that is
derived from microtremor data may be evaluated. Among
the various approaches to microtremor study, the H/V
spectral ratio technique introduced by Nakamura [4] was
chosen for this investigation due to ease of application.
This technique has been described in a number of papers
(e.g., [21-26]).

Site effects due to surface geology are generally
expressed as the spectral ratio (St) between the horizontal
tremor spectrum on the surface of the soft layer (Syg) and
the horizontal tremor spectrum incident from the substrate
to surface layer (Syg) (Fig. 3):

St = Sus/Sup- ()

But Syg is readily affected by the surface wave. Since the
artificial noise is mostly propagated as Rayleigh wave, Syg
of microtremor may possibly be affected by Rayleigh
wave. The effect of Rayleigh wave should be included in
the vertical tremor spectrum Syg on the surface, but not
included in the vertical tremor spectrum Sy in the base
ground (Fig. 3). Assuming that the vertical tremor is not
amplified by the surface layers, the amount Eg defined
below should represent the effect of Rayleigh wave on the
vertical tremor:

Eg = Evs/Evg. @
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Fig. 2 map of ground water distribution in Babol city

If there is no Rayleigh wave, Eg = 1. Eg will take a
value larger than “1” with increasing effect of Rayleigh
wave.

Assuming that the effect of Rayleigh wave is equal for
vertical and horizontal components, S;/Eg may be
considered to offer a more reliable transfer function St
after elimination of the effect of Rayleigh wave. Namely:

Srr = St/Es = Rs/Rg, €)

where RS = SHS /SVS and RB = SHB/SVB' RS and RB were
obtained by dividing the horizontal tremor spectrum by
vertical spectrum, corresponding respectively to surface
Fig. 3 Simple model assumed by Nakamura and substrate earthquake tremors. Ry becomes nearly 1 for
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relatively wide frequency range. Namely, on the firm
substrate, propagation is even in all directions. Namely,

Ry = 1. 4)
Therefore,
STT - RS . (5 )

This means that the transfer function of surface layers
may be estimated from the tremor on the surface only. In
other words, the vertical tremor on the surface retains the
characteristics of horizontal tremor of the substrate
[4,20,21,27].

By employing the H/V ratio, we were able to determine
the predominant frequency (Fp) and the amplification
factor (4p) of the site. Nakamura [10] also proposed the
vulnerability index “K, value” as a means to determine the
extent of liquefaction. For this purpose, he compared the
results of vulnerability index and the damage points in the
Kobe earthquake and concluded that K, is a suitable index
for determining the site vulnerable points, such that each
point with higher K, value is more damage potential. The
K, value is simply derived from strain of ground structures
[10,19,28]. It can be defined as:

Ap

K, = P ©6)

After Nakamura some scientist have used microtremor
to liquefaction evaluation [8,11,29,30].

In this study, the authors determined the site character-

istics of the Babol city using the H/V of microtremors and

the K, values to predict the potential for soil liquefaction at

the site.

4 Data collection, analysis procedures and
measurement results

Microtemor measurements were carried out at 60 stations
in Babol during the period 2011 and 2012. Figure 4 shows
the location of microtremor recording stations and
geotechnical boreholes available in the study area. The
microtremor recording stations are shown with red circle
and the geotechnical boreholes with blue circle.
Microtremor measurements were recorded using a
velocity meter SARA. The SARA velocity sensors had a
natural period of 2s. There sensors were deployed for
every measurement, two in two orthogonal horizontal
directions and one in vertical directions. The amplifier unit
improved the quality of the signals by extending the
natural period to 5s, filtering undesired frequencies and
amplifying the signal. This data acquisition system
comprises fully integrated triaxial high-sensitive sensors
and includes a 24-bit A/D converter. Two horizontal and a
vertical components of microtremors at each location are
recorded for duration of 15 min with 100 samples per

second. Because the environment has an effect on
microtremors they are measured between 10 p.m. and 3
a.m. to reduce environmental noises during experimental.
The locations were determined by using GPS at the sites.
The microtremor measurements in this study were made in
compliance with the guidelines of SESAME. In the
framework of the European research project SESAME
(Site Effects Assessment Using Ambient Excitations), the
use of ambient vibrations in understanding local site effects
has been studied in detail. The recommended guidelines on
the H/V spectral ratio technique are the result of
comprehensive and detailed analyses performed by the
SESAME participants during the three years (2001-2004).
In this respect, the guidelines represent the state-of-the-art
of the present knowledge of this method and its
applications, and are based on the consensus reached by
a large group of participants. (SESAME Project, 2004
http://sesame-fp5.obs.ujf-grenoble. fr).

Processing starts from transforming data from the
Binary format to ASCII. The processing was carried out
by Geopsy software. For each station, the time-series of the
record is divided into windows of 25s duration. Each
window is base-line corrected for anomalous trends,
tapered with Hanning window and bandpass filtered
from 0.2 to 20 Hz. The Fourier amplitude spectra of each
selected window are computed and smoothed after which
the two horizontal components are merged applying the
geometric mean [31]. The H/V spectral ratio of Nakamura
[4] is applied for each individual window and the final
predominant frequency is obtained by averaging the H/V
spectral ration as follows:

HutV =\ (V0 + ROR) V. @)

where, N, E and V' are the Fourier spectrum in NS, EW
and UD direction respectively.

After obtaining the H/V spectra for appropriate win-
dows, reliability and clarity of the peak in the H/V curve
have been checked. For this purpose, we use the SESAME
guidelines. For more information about SESAME research
project and the criteria for a clear H/V peak and reliable H/
V curve, visit (SESAME, 2004, http://sesame-fp5.obs.ujf-
grenoble.fr ).

Figure 5 shows the H/V spectral ratio for some stations.
According to the analysis, the fundamental frequency (Fp)
varies from 0.69 to 12.60 Hz within the study area. Also,
the amplification factor (4p) varies from 1.45 to 4 within
the study area. Figures 6 and 7 show the fundamental
frequency and amplification factor in the study area,
respectively. As it can be observed in the Fig. 6 and Fig. 7
for 10 recording stations, fundamental frequency and
amplification factor have not presented. Since these
stations have been surrounded by the factories and
highways in the city, accurate microtremor recording was
impossible all day long.
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Fig. 4 Location of microtremor recording stations and geotechnical boreholes

By using the results of Figs. 6 and 7, the K, values are
calculated for different stations. These results are indicated
in Fig. 8. By reviewing the scientific literature, it has been
concluded that the higher K, value, the more liquefaction
potential will be. In fact K, value has a qualitative
meaning, for instance the possibility of liquefaction
occurrence is more in recording station 35 than recording
station 25.

Now to obtain a precise value for K, which is the
threshold value for liquefaction occurrence, one of the two
methods below should be selected:

1) Reviewing the liquefaction areas after occurrence of
carthquakes and comparing them with the K, values
obtained from microtremor measurement.

2) Evaluation the liquefaction potential by using
conventional methods and comparing the related results
with K, values obtained from microtremor measurement.

In this research, the second method is used. In the next
sections, first, the possibility of liquefaction occurrence
will be evaluated by using the data of 30 geotechnical
boreholes and the Seed and Idriss [1] method. Secondly,
the ANN with different inputs including type of soil, total
stress, effective stress and corrected SPT blow count was
trained. Subsequently, by comparing the stations in which
liquefaction has occurred (using Seed and Idriss [1] and
ANN) and the values obtained from microtermor measure-
ment, it was possible to obtain a precise value for K, which
is the threshold value for liquefaction occurrence.
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Fig. 7 Amplification factor

5 Assessment and comparison of
liquefaction potential by using
conventional method

4049700

4049000

Simplified procedures, originally proposed by Seed and
Idriss [1], using the standard penetration test (SPT), are
frequently used to evaluate the liquefaction potential of
soils. This procedure has been revised and updated since its
original development [32]. The method was developed
from field liquefaction performance cases at sites that had
been characterized with in situ standard penetration tests.
Using a deterministic method, liquefaction of soil is
predicted to occur if the factor of safety (FS) which is the
ratio of the cyclic resistance ratio (CRR) over cyclic stress
ratio (CSR), is less than or equal to one. No soil
liquefaction is predicted if £1S>1 [33].

For liquefaction evaluation, the cyclic stress ratio (CSR)
has been proposed by Seed et al. [32] as

4045500 4046200 4046900 4047600 4048300

4044800

CSR = 0.657% “mga" Ya, (8)

v

404100

where o, is the total vertical stress; o, is the effective
vertical stress; a,,,, 1S the peak horizontal ground surface
acceleration; g is the acceleration of gravity; and vy is the
stress reduction factor. Cyclic resistance ratio (CRR), the
capacity of soil to resist liquefaction, can be obtained from
the corrected blow count (N, ), using empirical correla-
tions proposed by Seed et al. [32]. CRR curves have been
proposed for granular soils with fines contents of 5% or
less, 15%, and 35% and are only valid for magnitude 7.5
earthquakes. The CRR curves for a fines content of < 5%
(clean sands) can be approximated by [34]

4042700 4043400

4042000
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for (N})go < 30. For (N})g > 30, clean granular soils are
classified as non-liquefiable. The CRR increases with
increasing fines content and thus (N,)s should be
corrected to an equivalent clean sand value, (N)gocs
[34]. The FS against liquefaction in terms of CSR and CRR
is defined by

_ CRR; s
~ CSRN (10)

where CSRN is the normalized CSR for earthquakes of
magnitude 7.5 (CSR/MSF); MSF is the magnitude scaling
factor; K, is the correction factor for effective overburden;
and K, is the correction factor for sloping ground. The
consideration of factors K,and K, is beyond routine
practice and can be precisely estimated using the method of
Youd et al. [34] if necessary. The term MSF is used to
adjust the calculated CSR or CRR to the reference
earthquake magnitude of 7.5.

An assessment of liquefaction potential can readily be
made by Eq. (10). Liquefaction is predicted to occur if
FS <1, and no liquefaction is predicted if FiS > 1 [33].

By using the 30 geotechnical boreholes in the region, we
can assess the liquefaction potential in Babol city. The
results of this assessment in 4 boreholes have been shown
in Fig. 9. In these 30 boreholes we compare the two

FS

KoKos

Table 2 The liquefaction depths versus K, value

methods of conventional and microtremor and by analyz-
ing the results it is possible to obtain a precise value for K,
which is the threshold value for liquefaction occurrence.
Table 2 shows the depths of evaluated liquefaction using
conventional method against the K, value.

By reviewing Table 2, it is observed that in all the
stations with K, values higher than 5, liquefaction
phenomena occurred. Consequently the value of K, =5
can be considered as a threshold value for these 30 stations,
in that for all the stations of this region with K, value
higher than 5, the occurrence of liquefaction phenomena is
possible and for stations with lesser values, this possibility
does not exist.

In the next section, we assess the potential of
liquefaction using ANN method and the results will be
compared with the results of microtremor measurement to
be able to prepare the liquefaction microzonation map of
Babol city.

6 Artificial neural networks

Today, the application of artificial neural networks in the
engineering world is well known to engineering sciences
[35-37]. Goh [38] developed a back propagation neural
network (BPNN) model to assess soil liquefaction. In his
second neural network model for soil liquefaction potential
evaluation, Goh [39] introduced a new field parameter,
which is the cone penetration resistance, to the model and
removed SPT-N value parameter. In his further study, Goh

station liquefactilt)(ﬁic::}z;};sﬂ?g/dll(s;lrl)g Seed & K, value station hj;iz‘cstg; (tlgjpltclilrsisl;y K, value
method (m)
BO1 2-4.5 and 5.5-8 and 8.5-10.5 7.51 B28 5.5-8 5.51
B02 5-10 7.01 B30 - 1.25
B04 - 2.53 B32 - 4.74
BO5 5.5-7 5.21 B35 3-6 and 6.5-10.5 14.6
B07 - 4.80 B37 6.5-9.5 6.61
B09 - 4.63 B39 - 4.7
B11 - 1.53 B42 5-12 8.14
B12 5-6.5& 8-9.5 6.15 B43 4.5-7 and 8-10 7.19
BI15 - 4.63 B44 7-8 5.2
B18 - 1.10 B45 4-6.5 5.17
B19 6-7 and 9-10 593 B50 4-6 and 7-8 and 8.5-9.5 6.79
B22 - 3.65 B52 3.5-5 and 6.5-10.5 11.57
B23 8.5-10.5 5.42 B56 6.5-11 8.34
B25 3—4 and 4.5-5 and 5.5-8 and 8.5- 10 B57 B 192
10.5
B27 - 4.12 B58 - 1.16
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Fig. 9 Evaluation of factor of safety using conventional and ANN method

[40] developed PNN models to analyze the database based
on cone penetration test and shear wave velocity data. Ural
and Saka [41] developed a BPNN model based on
liquefaction records of earthquakes from Japan, China,
North and South America. Hsein Juang et al. [42]
developed two BPNN models using model-based and
actual field results to compare Olsen and Robertson
methods for liquefaction potential evaluations. Barai and
Agarwal [43] investigated Instance Based Learning, IBL,
and models to assess soil liquefaction potential. Hanna et
al. [44] explored the efficiency of group piles in
cohesionless soil using artificial neural networks. Cha et
al. [45] developed ANN to prediction of maximum wave-
induced liquefaction in porous seabed.

Considering that ANN can assess liquefaction potential
in this precise manner, we will assess the liquefaction
phenomena by this method in the 20 remaining stations
and the results will be compared with the microtremor
measurement result.

6.1 Modeling using MLP-type neural networks

Unknown function approximation has attracted a great deal
of research from different areas such as statistic, data
mining and engineering sciences. Among various types of
function approximation tools, artificial neural networks
provide a framework which can learn or approximate any
function from a series of given data through a training
process [5,36,37]. In addition, the function representation

generated by neural networks can be easily used to
estimate the relationship between inputs and outputs.
Various neural network architectures exist, of which the
most popular is the feed-forward multi-layer perceptron
(MLP). An MLP type of neural network consists of one
input layer; one or more hidden layer(s) and one output
layer with a large number of inter connected neurons
[46,47]. Figure 10 shows the basic structure of a typical
MLP network.

Back-propagation (BP) was originally proposed by
Werbos [48] which is based on searching an error surface
(error as a function of ANN weights) using the gradient
descent algorithm for points with minimum error. In this
investigation Back-propagation method is applied to train
the ANN which is the most widely used learning process in
neural networks today.

6.2 Performance of ANN

The most common parameters for evaluation of a neural
network’s performance are root mean squared error
(RMSE) and mean absolute error (MAE) [40]. MAE and
RMSE errors are defined as

n

Z (Des; — Est;)*

RMSE error : \| =———— (11)
n
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Fig. 10 The structure of a MLP-type network

n
Z |Des; — Est;|
MAE error: =4 — (12)
n

where n is the number of training data, Des; is desired
output and Est; is estimated output. The number of hidden
layers and the neurons in each of them should be
determined in a way to minimum the above errors.

6.3 Assessment and comparison of liquefaction potential by
using ANN

The input-output data pairs used in the present work
consist of four input variables, including soil type, total
stress, effective stress, corrected SPT blow count and one
output factor of safety. Before using the training procedure
the data were normalized to their mean value and standard
deviation 1. A training set of 23 out of 30 input—output data
pairs is used to train the MLP-type neural network with
only one hidden layer based on BP algorithm [5,46,47]. In
addition to 30 inputs utilized for training and testing
purposes, 6 inputs were also used for validation control in
order to prevent over learning. There are many activation
functions in the refrences [5,46,47]. The tests showed that
the tangent hyperbolic function between input layer and
hidden layer have the best function. Also, the linear
activation function between hidden layer and output layer
has the best function.

At the end of the training process, it is necessary to
evaluate the capability of ANN model in prediction of
liquefaction potential. The remaining 7 data pairs are used
to test the network performance. Since there are four input
variables the network has four neurons in the input layer

and one neuron in the output layer. Hence there is no
specific method to determine the number of neurons in the
hidden layer, Trial and error was used. Considering the
refrences suggestions [5,46,47] one method for determin-
ing the number of neurons in the hidden layer is the gradual
increase of the number of neurons and reviewing the
amount of ANN’s error. In the present research, the aim
method has been used. As it is observed in the Fig. 11, the
15 neurons have the least network error and by increasing
or decreasing the number of neurons in the ANN, the rate
of error increase.

Figure 12 depicts the effect of different neural network
architecture (different number of neurons in the hidden
layer) on the RMS error of the network obtained from the
normalized data. As can be seen a network with 15 neurons
in the hidden layer has an acceptable performance.

The excellent behavior of the MLP-type neural network
is shown in Fig. 9. Also, Fig. 13 shows regression value
obtained between result of ANN and available data. So, the
trained network can model and predict the outputs
successfully. It is evident from test data sets that the
experimental ANN can be applied successfully to predict
liquefaction potential.

Figure 14 shows regression value obtained between
result of ANN that trained with normalized data and
available data. The regression value is 0.978 and 0.937 for
the normalized inputs and the non-normalized inputs,
respectively, which shows that the trained ANN has a
better function with the normalized inputs.

The excellent behavior of the MLP-type neural network
for both training and testing data for the present case is also
shown in Fig. 15. The figure reveals that the trained
network is able to model and predict the outputs
successfully.
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Table 3 Data sets with inputs and output values with indicating the training and testing sets
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borehole number soil type total stress effective stress N-SPT FS
1 CL 195 152 25 1.9
2 CH 175 134 23 1.8
3 SM 133 118 7 0.7
4 CH 145 108 16 1.5
5 CL 201 163 26 1.9
6 SC 144 111 13 1.3
7 SC 165 155 5 0.55
8 CL 222 174 29 2.2
9 CH 217 178 26 2.1
10 CL 158 123 12 1.1
11 CL 195 158 27 1.9
12 GW 176 144 14 1.1
13 CL 235 190 30 23
14 SM 195 151 25 1.9
15 CH 243 200 24 2
16 SC 139 123 8 0.85
17 CL 185 143 22 1.7
18 CH 197 155 24 1.9
19 CH 189 145 23 2
20 CL 165 129 26 1.8
21 SM 145 131 9 0.9
22 CH 156 119 18 1.25
23 SC 139 121 8 0.8
24 SM 161 127 22 1.5
25 GW 142 120 8 0.9
26 SM 195 161 15 1.3
27 CH 226 188 30 2.1
28 SC 143 138 5 0.6
29 SC 131 119 6 0.8
30 SM 152 117 16 1.3
Table 4 Inputs and output ranges for training data sets used for construction of ANN model
input output
ranee soil type total stress effective stress N-SPT FS
max - 243 200 30 2.30
min - 133 108 5 0.55
ave - 179 145 19 1.58
Table 5 Inputs and output ranges for testing data sets used for construction of ANN model
input output

ranee soil type total stress effective stress N-SPT FS
max - 226 188 30 2.1
min - 131 117 5 0.6
ave - 164 139 15 1.21




304

MSE

Front. Struct. Civ. Eng. 2014, 8(3): 292-307

1.5F

Fig. 11
neurons

network Error

L I PR L 1 1 I L I I I
5 10 15 20 25

numbers of hidden neurons

Maximum squared error versus number of hidden layer

14 Neuron

7 Neuron
13 Neuron
15 Neuron
12 Neuron

3 Neuron
17 Neuron

g e L N O LT, AL AT T
i M M
il

1y

i l]‘l x‘m'x

W'WL-II\WMM MJ-MM i sk

"'." PR w..r._-

)] ——
0

P 1 1
1000 2000 3000 6000

iteration

4000 5000

Fig. 12  Effects of the number of hidden neurons on the network

performance
2.5
[ fit
L O data u
2r R*=0937
L ) -
1.5F
g | D@
o
‘5‘ L
=} L
1_
o g H
0.5F
0-1 PR I N TR SR N AT SN SN TN SN NN TN SN S S (N SO S S 1
0 0.5 1 1.5 2 2.5

target

Fig. 13 Performance of ANN in term of regression value

output

target

Fig. 14 Performance of ANN in term of regression value
(normalized value of data)

8
7E 0 desired output
E — -»— - estimated output
6F
SE
Raf
3 '_ train test —
u »
/
1:_ \L( ¥ b ¥ p
0:| | NS T N TN AN SN TN TN SN NN TN T AN SO AN SN S SN 1
0 5 10 15 20 25 30
number

Fig. 15 ANN prediction for the FS for all boreholes

Figure 16 compare error values for controlling compe-
tency of the ANN models in training and testing data sets.
The regression value is 0.939 and 0.943 for the test and
train, respectively.

Table 3 shows data sets with inputs and output values
with indicating the training and testing sets. Tables 4 and 5
shows the inputs and output ranges for training and testing
data sets used for construction of ANN model.

Figure 17 shows the liquefaction microzonation by
using microtremor measurements and Fig. 18 indicates the
liquefaction microzonation by the ANN. In these two
figures, the areas shown in red include the zones with
liquefaction potential. By comparing the two methods, it is
concluded that they have very good conformity with each
other. Only in 4 stations of B32, B36, B44 and B45, the
results are different. The K|, value in these stations is close
to 5 which is considered the threshold value for
liquefaction phenomena. The value of K, at these stations
changes with a minor change in the fundamental frequency
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and amplification factor. Also, we used the ANN for
comparing the two methods which have a small error in
prediction. For this reason, the mentioned minor difference
is not taken into consideration and the value of K, =5 is
introduced as a threshold value, such that soils with higher
K, values will have liquefaction potential.

From these results, it is reasonable to conclude that K, is
clearly a value which corresponds to the site and can be
considered as vulnerability index of that site, an indicator
which might be useful in selecting weak points of ground
especially in liquefied areas.

7 Conclusion

In the present research, the microtremor measurements
were used in 60 stations in order to evaluate the
liquefaction potential. By using the fundamental frequency
and amplification factor, the value of vulnerability index
(K,) was calculated. To obtain a precise value for K, which
is the threshold value such that at higher values, the
liquefaction potential exists, the microtremor results have
been compared with the conventional method results. By
comparing these results, it is concluded that in Babol city,
the stations with K, values higher than 5, have the
liquefaction potential. Subsequently, in order to assess the
liquefaction potential, the ANN was utilized in the
remaining stations. By comparing the ANN and micro-
tremor results, it was observed that the results are in good
conformity with each other and except for 4 stations, the
liquefaction phenomena has occurred in all those other
stations where their K, values were higher than 5. With
regards the results of the three methods, we can conclude
the threshold value of liquefaction potential is K, = 5.
Furtheremore, we prepared two maps for liquefaction
microzonation by using the microtremor and ANN results.
Finally, it can be stated that microtremor measurements are
considered suitable and complementary method among
conventional methods for reviewing the liquefaction
potential which is fast, applicable and cost-effective.
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